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Abstract 
To create profits, traders must time the market correctly and enter and exit positions at ideal times. Finding the optimal time to 
enter the market can be quite daunting. The soybean market can be volatile and complex. Weather, sentiment, supply, and 
demand can all affect the price of soybeans. Traders typically use either fundamental analysis or technical analysis to predict the 
market for soybean futures’ contracts. Every agricultural future’s contract or security contract is different in its nature, volatility, 
and structure. Therefore, the purpose of this research is to optimize the moving average convergence divergence parameter values 
from traditionally used integers, to values that optimize the profit of the soybean market.  
 
© 2015 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of scientific committee of Missouri University of Science and Technology. 
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1. Introduction 
By studying a market, an individual can create a “trading strategy” or heuristic set of rules to buy or sell a 
contract [1]. Traders typically use either fundamental analysis or technical analysis to predict the market of soybean 
futures’ contracts. Technical analysis investigates historical prices to create strategies [2]. Fundamental analysis, 
however, investigates the intrinsic value of an investment using company news releases and financial statements [3]. 
This research will use technical analysis and computational intelligence to create a trading strategy.  
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Many methods have been used to trade soybean future contracts, for example, the relative strength index (RSI), 
moving averages, stochastic, or moving average convergence divergence (MACD) [4]. Traders have their own 
preferences and there is no one given trading strategy that is the best [5]. 
Every agricultural future’s contract or security contract is different in its nature, volatility, and structure. 
Moreover, making predictions in a market is not an easy task for a trader, as financial data tends to be non-linear, 
uncertain, and non-stationary [5]. Therefore, the purpose of this research is to optimize the moving average 
convergence divergence parameters from traditional numbers to ones more acceptable to the soybean market.  
 
2. Literature review and methodology  
 
2.1 Moving average convergence divergence (MACD) 
 
The moving average convergence divergence, or more commonly known as the MACD, is a widely used 
technical trading tool. MACD is used to find turning points in the market that indicate buy and sell signals [6]. The 
MACD is calculated as follows: first, find the 12-day exponential moving average of the commodity, referred to as 
the fast moving average; second, find the 26-day exponential moving average of the commodity, referred to as the 
slow moving average. The fast moving average minus the slow moving average creates the MACD line. Next, a 
signal line is created; this is the 9-day moving average of the MACD [6]. Subtracting the signal line from the 
MACD creates a MACD histogram. The MACD formulas are provided in equations (1)-(5). 
 
EMAfast= (2/(N1+1))*(Close-EMAfast(previous day))+ EMAfast(previous day)     (1) 
EMAslow= (2/(N2+1))*(Close-EMAslow(previous day))+ EMAslow(previous day)     (2) 
MACD= EMAfast - EMAslow          (3) 
Signal Line= (2/(N3+1))*(MACD-EMAMACD(previous day))+ EMAMACD(previous day)   (4) 
MACDhistogram= MACD – Signal line        (5) 
 
The figure below is a graphical representation of equations (1)-(5). 
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Fig. 1 Relationship of MACD equations (1)-(5). 
 
The buy and sell signals for the MACD are adapted in Table 1 below [1]. 
 
Table 1. MACD heuristics.  
Buy (MACD <0) and (MACDhistogram < 0) 
Sell (MACD >0) and (MACDhistogram >0) 
Hold Else 
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Table 2 shows a second set of buy and sell signals for the MACD that look specifically for crossovers, where i is the 
day. 
 
Table 2. MACD crossover heuristics.  
Buy (MACD <0) and (MACDhistogram(i-1) < 0) 
 and (MACDhistogram(i) > 0) 
Sell (MACD >0) and (MACDhistogram (i-1) >0) 
and (MACDhistogram(i) < 0) 
Hold Else 
 
Previous work has used MACD as an indicator in a weighted model with other indicators [7]. Other models 
have tried to optimize the MACD parameter values to a particular market [8]. 
 
2.2 Genetic algorithms (GA) 
 
Genetic algorithms have the ability to take an infinitely large solution space and test various possible solutions 
in a natural selection manner. Genetic algorithms also have the ability to obtain results when there are multiple local 
maxima and minima in a function, and unlike gradient methods, do not get caught in suboptimal maxima and 
minima. Thus, in examining the problem as a whole, if the population can find a better value in the function then it 
is still acceptable [9]. This makes genetic optimization ideal in dealing with financial market data, as one may enter 
and exit the market multiple times. 
Genetic algorithms evaluate a fitness function in a natural selection optimization manner, such that the fitness is 
maximized and error is minimized [9][10]. The methodology of genetic algorithms can be observed in the flow chart 
in Figure 2 [10]. 
 
 
Fig. 2. Genetic algorithm methodology flow chart [10]. 
 
An initial random population is created and then assessed utilizing a defined fitness function. The population 
size was set to 100 as previous research has found that 100 is the optimal population size for speed and accuracy 
[11]. If the minimum error is reached in evaluation, or other stopping criteria are met, the genetic algorithm 
terminates, otherwise it moves down the flow chart in Figure 2.  
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From this, subsequent populations are created. There are many different methods for creating the next 
generation [12]. In this research the following explanations are applied.  A score is given to each chromosome in the 
population via the fitness value. An elite set of high-ranking children is then selected for the next generation. Next, 
two very important things happen: crossovers and mutation. To create a crossover or mutated child, parents are 
needed. Tournament style is one of the methods in selecting parents. Tournament style has received increasing usage 
and popularity, as it is acceptable in both parallel and non-parallel architectures [12]. Tournament style randomly 
selects n chromosomes and the highest-ranking chromosome in this pool becomes the parent [13]. Tournament style 
is robust selection method and has been shown to work well with noisy fitness functions [12]. In this research n is 
set to four. 
Crossover children are produced with a two-point crossover function, such that the parents are spliced into two 
points and recombine to create a child offspring. Next, mutated children are created. Mutations are created by 
slightly changing the parent chromosome in a random manner. For integer constraints, an adaptive feasible method 
is used where the program creates a mutated child that is based of the previous generation, but still meets the 
constraints [13]. 
New chromosomes are crossed-over with a probability, c (0.8). From the scores given to the chromosomes, the 
best scores are considered elite. A total of 5% of the population is elite and therefore not altered for the next 
generation. The remaining population is mutated. With the population size of 100, this gives 5 elite children, 76 
crossover children, and 19 mutated children. New generations occur until the minimum fitness is reached. For this 
work, genetic algorithms are used to optimize N1, N2, and N3 from equations (1), (2), and (4), respectively. The 
fitness function is defined to maximize profits, or Sales Price-Purchase Price, from the soybean futures contract. 
 
3. Results 
 
Data was collected from the CME August 2014 soybean contract (SQ2014) from 01-03-2012 to 08-14-2014. 
This gave 500 data points for optimizing the MACD parameters, from 01-03-2012 to 12-24-2013, along with 160 
data points for testing the optimized MACD parameters, from 12-26-2013 to 08-14-2014. All prices are quoted in 
cents per bushel. Assumptions were made with regard to profit maximization. It was assumed there were no 
transaction costs, there was liquidity to place all trades, and all trades had to be settled the last trading day of the 
contract.  
 
3.1 Buy-and-hold strategy 
 
Figure 3 provides the price of soybeans from 12-26-2013 to 08-14-2014. In a simple buy-and-hold strategy, one 
buys on the first day of testing and sells on the last day of testing.  
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Fig. 3 SQ2014 soybean prices. 
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Table 3.Buy-and-hold strategy.  
Buy Signals 1 
Sell Signals 1 
Profit (in cents per bushel for all trades) -25.3 
 
3.2 Traditional MACD (12,26,9) 
 
Figure 4 is the MACD (12,26,9) for a fast moving average of 12 days, a slow moving average of 26 days, and a 
signal line of 9 days.  
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Fig. 4. Traditional MACD (12,26,9). 
 
3.2.1 MACD heuristics (12,26,9) 
 
Using the heuristics developed in Table 1, the following results in Table 4 are obtained. 
 
Table 4. MACD heuristics (12,26,9). 
Buy Signals 48 
Sell Signals 
 
45 (3 extra sell contracts had to be placed at the end of the contract 
period to settle) 
Profit (in cents per bushel for all trades) 3906.0 
Profit in cents per round trip 81.4 
 
This created two buy and two sell trends based on the defined crossovers.  
 
3.2.2 MACD crossover heuristics (12,26,9) 
 
 Using the heuristics developed in Table 2, the following results in Table 5 are obtained.  
 
Table 5. MACD crossover heuristics (12,26,9). 
Buy Signals 4 (1 extra buy contract had to be placed at the end of the contract 
period to settle) 
Sell Signals 5 
Profit (in cents per bushel for all trades) 664.5 
Profit in cents per round trip 132.9 
 
3.3 Genetic algorithm MACD  
 
3.3.1 Genetic algorithm MACD heuristics (11.017,32.925,16.467) 
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Figure 5 provides the results of the Genetic Algorithm MACD (11.017,32.925,16.467), which uses a fast moving 
average of 11.017 days, a slow moving average of 32.925 days, and a signal line of 16.467 days. The parameter 
values optimized in 55 generations. Using the heuristics in Table 1, the results in Table 6 were obtained.  
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Fig. 5. Genetic algorithm MACD (11.017,32.925,16.467). 
 
Table 6. Genetic algorithm MACD heuristics (11.017,32.925,16.467). 
Buy Signals 47 (3 extra buy contracts had to be placed at the end of the contract 
period to settle) 
Sell Signals 50 
Profit (in cents per bushel for all trades) 4507.0 
Profit in cents per round trip 90.1 
 
3.3.2 Genetic algorithm MACD crossover heuristics (6.866,33.812,4.575) 
 
Figure 6 provides the Genetic Algorithm MACD (6.866,33.812,4.575) for a fast moving average of 6.866 days, a 
slow moving average of 33.812 days, and a signal line of 4.575 days. The parameter values optimized in 54 
generations.  
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Fig. 6. Genetic algorithm MACD crossover (6.866,33.812,4.575). 
  
Using the heuristics developed in Table 2, the following results in Table 7 are obtained.  
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Table 7. Genetic algorithm MACD crossover heuristics (6.866,33.812,4.575). 
Buy Signals 4 (1 extra buy contract had to be placed at the end of the contract 
period to settle) 
Sell Signals 5 
Profit (in cents per bushel for all trades)  728.0 
Profit in cents per round trip 145.6 
 
4. Conclusions  
 
In conclusion, this research has shown that the soybean futures contract is different in its nature, volatility, and 
structure. Using traditional MACD numbers (12,26,9) does not provide as much profit as using optimized numbers. 
Previous methods have found similar numbers for the MACD: a fast moving average of 5 days, a slow moving 
average of 34 days, and a signal line of 7 days [14]. These results and numbers are also close to numbers found in 
the Fibonacci sequence.  
Moreover, optimizing for regime shifts and placing funds on additional contracts can generate more profits. The 
Genetic Algorithm MACD Crossover Heuristics model (section 3.3.2), with increased volume of trading, has the 
highest profit possibility of all the models. Using the new crossover heuristic (Table 2) generates better profits in 
cents per round trip for both the traditional MACD and the Genetic Algorithm MACD models. 
This research shows that while traditional technical trading does have a place in the futures market, 
computational intelligence can be used to create better models more suited to individual contracts. Using 
computational methods such as genetic algorithms can take an existing technical model and increase its profitability 
for traders.  
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